The aim of this paper is to analyze intergenerational earnings mobility in Britain for cohorts of sons born between 1950 and 1972. Since there are no British surveys with information on both sons' and their fathers' earnings covering the above period, we consider two separate samples from the British Household Panel Survey. We combine information from the two samples using the two-sample two-stage least squares estimator described by Arellano and Meghir (1992) . Our main result shows that intergenerational earnings mobility was stable for the cohorts born between 1950 and 1960 and decreased statistically significantly among more recent cohorts, those born during 1961-1972. 
Introduction
A number of institutions affect intergenerational mobility: the educational system, including how pupils are assigned to schools; the labor market, because it affects returns to education; and the family, particularly how it invests in children. Moreover, public policy affects all of these institutions. Recent policy discussions in the UK reflected concerns about this issue by all the major political parties. In addition to a long-standing belief that low mobility is indicative of unequal opportunities and that public policy should improve the opportunities for those from disadvantaged backgrounds, the recent concern has been motivated by evidence that mobility appears to have declined between the 1958 and the 1970 birth cohorts (Blanden et al. 2004; Blanden et al. 2007 ). However, it is hard to infer trends from two cohorts. At present, the only information about intergenerational income mobility in Britain is confined to persons belonging to these two birth cohorts, and it is measured by looking at the relationship between children's earnings and parental income. In this paper, we remedy this and provide an analysis of the trend in intergenerational mobility in earnings across the cohort period .
The absence of trend estimates is due to the lack of British surveys with information on both sons' and their fathers' earnings covering a long period. Using the British Household Panel Survey (BHPS), we are, however, able to observe sons' earnings and a set of characteristics of their fathers. All BHPS respondents aged 16 or older are asked to report the education, age and occupation of their parents when they were aged 14. This gives us a set of auxiliary variables (instrumental variables), such as education dummies, age, occupational prestige scores, socioeconomic groups, and social classes, which can be used to predict the fathers' missing earnings. It is then possible to consistently estimate intergenerational earnings mobility by using the two-sample instrumental variables estimator described in Angrist and Krueger (1992) , Arellano and Meghir (1992) , and Ridder and Moffitt (forthcoming) .
1 More precisely, we use a computationally easier variant of that estimator, the two-sample two-stage least squares estimator. As emphasized by Inoue and Solon (2005) , both the twosample two-stage least squares estimator and the two-sample instrumental variable estimator are consistent, but they produce different estimates in small samples.
Using these estimators, it is possible to combine information from two separate samples: a sample of sons with observations on their earnings and their fathers' education, age, and occupational characteristics, and a sample of potential fathers with observations on earnings, education, age, and occupational characteristics. The latter sample is used to estimate an earnings equation for fathers using their age, education, and occupational characteristics as explanatory variables, while the former is used to estimate an intergenerational earnings equation by replacing the missing fathers' earnings with its best linear prediction.
The two-sample two-stage least squares estimation has already been applied to study intergenerational mobility by Björklund and Jäntti (1997) , Fortin and Lefebvre (1998) , Grawe (2004) , Lefranc and Trannoy (2005) , and Aaronson and Mazumder (2008) . In all these studies, with the exception of Lefranc and Trannoy's, the choice of the auxiliary variables to use in the imputation is dictated by the few variables available. We use a larger set of variables, which gives us a greater degree of freedom in choosing the best predictors of the missing fathers' earnings. Moreover, we try to control for the potential life-cycle bias affecting intergenerational mobility estimation. Theoretically, we would like to measure intergenerational earnings mobility by considering long-run permanent earnings, but we observe instead current earnings at a specific age. Since the earnings profile across age is probably not constant or a deterministic function of age, measuring earnings when sons (fathers) are too young or too old can cause an estimation bias, as emphasized by Jenkins (1987) , Haider and Solon (2006) , and Grawe (2006) . To account for this potential life-cycle bias, we adopted two methods. The first method consists of restricting the age for sons and fathers to a range in which current earnings are likely to be closer to long-run earnings, or, in other words, excluding people who are too young and too old. As to the second solution, we follow the suggestion of Lee and Solon (2006) and estimate the intergenerational mobility equation by allowing the intergenerational mobility elasticity to change with son's age and with son's cohort.
The rest of the paper is organized as follows. In Section 2, we describe the data requirements and issues in estimating intergenerational earnings mobility with special emphasis on sample selection and measurement error problems. In Section 3, we briefly review the previous findings on trends in intergenerational mobility in Britain. In Section 4, we describe the two-sample two-stage least squares estimator and its potential inconsistency when the auxiliary variables are endogenous. In Section 5, we describe the data source, the samples, and the variables used in the empirical analysis. Section 6 reports the results from different methods of estimating the intergenerational earnings mobility trend. Finally, Section 7 draws some conclusions.
Intergenerational Mobility: Data Requirement and Issues
Intergenerational mobility studies estimate the correlation between the socioeconomic status of parents and their offspring. A high correlation would imply that people born in disadvantaged families have a smaller chance of occupying the highest socioeconomic positions than people born in privileged families. A zero correlation would imply instead a high degree of mobility and more equal opportunities.
Different measures of intergenerational mobility have been used in previous studies. Economists usually estimate the intergenerational elasticity in continuous monetary variables, typically, income or earnings, while sociologists use association measures between ordered categorical variables such as social and economic class positions.
2 Following the economic approach, we focus in this article on intergenerational immobility as measured by the intergenerational elasticity of sons' earnings with respect to fathers' earnings. More precisely, we consider the following intergenerational mobility equation:
where y is the son's log earnings; x is the father's log earnings; A is a vector of other control variables, specifically the sons' and fathers' age and age squared; α is the intercept term representing the average of the sons' log earnings, β and γ are coefficients; and u is a random error identically and independently distributed (i.i.d.) with zero mean and homoskedastic. The coefficient β is the intergenerational elasticity of son's earnings with respect to his father's earnings, and it is our parameter of interest.
A coefficient β equal to zero indicates a situation where all sons have "equal opportunities." When β=0 all sons have an expected log earnings equal to α plus an additional deterministic component function of their age. When β is different from zero, sons' expected log earnings depend also on their fathers' earnings.
Moreover, we also consider the partial correlation between son's and father's earnings given the set of variables A. This partial correlation, ρ, is given by the simple correlation between ỹ and x , where ỹ ( x ) is the residual of the regression of y (x) on A. The parameter β can also be estimated from the following equation
where a is a new intercept, and ε is a new error term-still i.i.d. with zero mean and homoskedastic. Thus, it is easy to prove that β is related to ρ by the following equation: To investigate whether β and ρ have changed across generations in Britain, ideally we would like to estimate separate β's and ρ's for sons born in different years from 1950 to 1972. This requires observations of both son's and father's earnings for a representative sample of individuals born during this period. It would be an extension of Blanden et al.'s (2004) study, which estimates intergenerational earnings mobility using two British birth cohorts (1958 and 1970) .
In the data (BHPS) used in this study, we do observe earnings for a sample of sons born over the period 1950-1972, but we only observe the fathers' earnings if the sons have been living with their fathers in at least one wave of the panel. Obviously, the probability of observing sons living with their fathers decreases as the sons grow older. We observe both sons' and their fathers' earnings for about 12 percent of cases. It is evident that analyses based on the restricted sample of sons who still reside with their fathers would imply a sample selection problem. Francesconi and Nicoletti (2006) analyzed intergenerational mobility using an occupational prestige score, considering sons born between 1966 and 1985 in the BHPS. They found that the β coefficient was underestimated when considering the subsample of sons still living (co-resident) with their fathers. Since all BHPS respondents (aged 16 or older) were asked to report the occupation of their parents when they were aged 14, Francesconi and Nicoletti (2006) were able to observe an occupational prestige score for both sons and their fathers. This allowed them to measure the extent of the selection bias and to assess different sample-selection correction methods. They concluded that most of the methods seem to be unable to correct the negative bias with the exception of propensity score weighting.
The occupational prestige score (the Hope-Goldthorpe score) used by Francesconi and Nicoletti (2006) is strongly related to earnings (see Phelps Brown 1977 , Nickell 1982 . Nevertheless, intergenerational elasticities in earnings have been found to be slightly higher than elasticities in occupational prestige (see, e.g., Ermisch et al. 2006) . Moreover, it is not clear whether the positive trend in intergenerational mobility found in Ermisch and Francesconi (2004) using the Hope-Goldthorpe score in the BHPS would be confirmed by an analysis of intergenerational earnings mobility.
One method of estimating intergenerational earnings mobility while still accounting for the missing fathers' earnings would be to adopt the propensity score weighting estimation suggested by Francesconi and Nicoletti (2006) . While this method can be useful for the sample of sons born between 1966 and 1985, its usefulness is doubtful for the sample of sons born between 1950 and 1972 where fathers' earnings are missing in more than 88 percent of the cases.
For this reason, we attempted to overcome the co-residence sampleselection problem in a different way. We used the two-sample two-stage least squares estimator (TS2SLS) to combine two separate samples from the BHPS: a first sample containing information on sons' earnings and a set of educational and occupational characteristics of their fathers (which were collected through retrospective questions about the fathers and addressed to all respondents), and a second sample with data on earnings and the same set of educational and occupational characteristics for the fathers' generation. Theoretically, we would like to consider the intergenerational elasticity in long-run permanent earnings, but earnings can be observed only for a single or a few specific years. The intergenerational mobility literature first neglected this measurement error problem altogether and then addressed it by considering a classic measurement error model (see Solon 1992) and more recently by considering more general error models (see Jenkins 1987 , Haider and Solon 2006 , Grawe 2006 . The classic measurement error model assumes that current earnings are equal to permanent earnings plus an error, which is a transitory random component identically and independently distributed across individuals and ages, and independent of permanent earnings. Under these assumptions, the measurement error causes an attenuation bias for the intergenerational elasticity and correlation (see Solon 1992, and Hertz 2007) , which can be reduced by averaging earnings over several years. Nevertheless, this correction procedure does not take into account potential biases due to changes in the relationship between current and permanent earnings over the life cycle. Haider and Solon (2006) consider a more general measurement error model that implies two types of measurement error bias in the estimation of the intergenerational elasticity and correlation: an attenuation bias caused by a transitory earnings component, and a life-cycle bias caused by a changing relationship between current and permanent earnings over the life cycle (see Appendix A for more details). There is empirical evidence in both the U.S. (Haider and Solon 2006) and Sweden (Böhlmark and Lindquist 2006) that the relationship between current and permanent earnings changes over the life cycle.
Moreover, Böhlmark and Lindquist (2006) find significant differences in the relationship across cohorts.
Trends in Intergenerational Mobility: Previous Findings
The few empirical studies that analyzed the trend in intergenerational mobility in Britain produced mixed results. In an attempt to reconcile contradictory findings, we reviewed the empirical papers on trends in intergenerational mobility between sons and fathers in Britain. Using the BHPS and the Hope-Goldthorpe score, Ermisch and Francesconi (2004) estimated the intergenerational elasticity between sons' and fathers' "occupational prestige score." This was done separately for sons born before 1941, during 1941-1945, 1946-1950, 1951-1955, 1956-1960, 1961-1965, 1966-1970, and after 1970 . They found a downward trend in the intergenerational elasticity. In contrast, using two British birth cohort studies, Blanden et al. (2004) and Blanden et al. (2007) found that the sons' earnings elasticity with respect to their parental income was higher for the 1970 cohort than the 1958 cohort. The different results, indicating positive and negative trends in intergenerational mobility, respectively, could be due to differences in: the cohorts considered, the age when sons were observed, or in the measure of economic status. Blanden et al. (2004) compared two relatively close cohorts, 1958 and 1970; moreover, because of data limitations, they considered parents' combined income instead of father's earnings in the intergenerational mobility equation. Because the labor participation of women was lower in the past, there was a higher percentage of women with zero labor income among mothers of sons born in 1958 when compared with the mothers of sons born in 1970. Therefore, it is likely that the correlation between sons' and mothers' earnings has increased for the 1970 cohort compared with the 1958 one. Blanden et al. (2004) tried to check this by estimating the intergenerational elasticity with the subsample of sons in families where only the father worked and they found a smaller decrease in intergenerational mobility. This decrease in intergenerational mobility could be overestimated also because of a potentially higher measurement error in the parental income variable observed in the 1958 cohort with respect to the 1970 cohort (see Blanden et al. 2004, Erikson and . Finally, there are several problems with the comparability of parental income between the 1958 and the 1970 cohorts, and the income is observed in brackets (see Blanden et al. 2004 , Blanden 2005 , or Erikson and Goldthorpe 2007 for further details on these issues). Ermisch and Francesconi (2004) considered a wider range of cohorts, but they also considered a very large range of son's ages, 20-60, whereas Blanden et al. (2004) considered sons at ages 30 and 33. The average son's age changes considerably across the cohorts considered by Ermisch and Francesconi (2004) , so that the sons belonging to the most recent cohorts were observed at a much younger age than those belonging to the older cohorts. Under the generalized measurement error model introduced by Haider and Solon (2006) , both the elasticity and the correlation coefficients are affected by a life-cycle bias, which depends on the son's age (see Appendix A). In particular, the intergenerational elasticity is underestimated for young sons and overestimated for older sons, whereas the correlation coefficient is always underestimated and the bias decreases with son's age. This implies that the negative trend observed in the intergenerational elasticity in Ermisch and Francesconi (2004) could be spurious because of a potential life-cycle bias. This claim is confirmed by our empirical results. Once we control for sons' age, we find that there is no significant trend in intergenerational mobility across cohorts. This conclusion is further confirmed by results found by Gershuny (2002b) who used the BHPS to study mobility for sons born between 1925 and 1963 and observed when 34-36 years old. He found that the intergenerational mobility between sons and fathers changed very little, but he used a quite different measure of socioeconomic position.
Using the British cohort studies 1958 and 1970 , Breene and Goldthorpe (2001 and Goldthrope and Jackson (2007) studied class mobility and found little change across the two generations when considering measures of exchange mobility, in contrast to the negative trend in mobility found in Blanden et al. (2004) using the same two cohorts.
In an attempt to reconcile these conflicting findings, Erikson and Goldthorpe (2007) computed exchange class and income mobility by again using the two British cohort studies and adopting the same sample selection criteria. 4 The contrasting results persisted and, as suggested by Erikson and Goldthorpe (2007) , this may be a consequence of measurement error in income or simply the fact that earnings and occupational class are different measures of socioeconomic status.
Sociologists have produced many other empirical estimates of intergenerational mobility in Britain based on different measures, data sources, and cohort periods. Among these are Erikson and Goldthorpe (1992) , Miles (1993) , Prandy and Bottero (2000) , Breen and Goldthorpe (2001) , Gershuny (2002a) , Heath and Payne (2002) , Prandy et al. (2002) , Goldthorpe and Mills (2005) , and Long and Ferrie (2007) . For readers interested in those further studies, Ermisch and Nicoletti (2005) provide a short review.
In conclusion, the inconsistent results on trends in intergenerational mobility in Britain depend on son's age, cohorts, and socioeconomic measure considered. In our empirical analysis, we use different age ranges and cohorts in order to compare our results with previous ones, in particular with Blanden et al. (2004) and Ermisch and Francesconi (2004) .
Estimation Method
Let us consider again the intergenerational mobility equation (2) 
where, to simplify notation, we drop the tilde sign, and y and x refer to sons' and fathers' log earnings net of the control variables A. Let us assume that we observe y and x for a random sample of father-son pairs. Then we can consistently estimate the elasticity coefficient β by ordinary least squares (OLS) estimation.
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In many countries, the lack of surveys with information on earnings for both sons and their fathers impedes the OLS estimation of intergenerational earnings mobility. Even in countries where there are surveys with information on earnings for both sons and their fathers, the estimation of intergenerational earnings elasticity is usually possible only for a restricted cohort period. In Britain, for example, it is possible to estimate the intergenerational earnings elasticity through OLS using only the National Child Development Survey (NCDS) that covers exclusively children born in 1958.
Surveys with information on sons' earnings and educational and/or occupational characteristics of their fathers are more common. Whenever we are able to observe: (1) a random sample of father-son pairs with information on y and a set of fathers' educational and/or occupational characteristics (main sample), and (2) an independent random sample providing information on x again with a set of fathers' educational and/or occupational characteristics (supplemental sample), then we can estimate the intergenerational elasticity by imputing the unobserved fathers' earnings using as auxiliary variables the fathers' characteristics.
6 More precisely, the estimation of intergenerational elasticity proceeds in two steps. In the first step, we use the supplemental sample to 5 Notice, we assume that the basic conditions for consistency of the OLS estimation be satisfied. In particular, we assume that the error term is i.i.d. with mean zero, homoskedastic, and uncorrelated with the explanatory variables.
6 Examples of this type of estimation are considered by Lefranc and Trannoy (2005) for intergenerational earnings mobility and Björklund and Jäntti (1997) and Fortin and Lefebvre (1998) for income mobility. estimate a log earnings equation using as explanatory variables educational and occupational characteristics; that is, we estimate
where δ 0 is the intercept, δ j is the slope coefficient for each of the k explanatory variables, and ν is the error term. In the second step, we estimate the intergenerational mobility equation (4) by using the main sample and replacing the unobserved x by its predictor, δẑ x = , where δˆ is the coefficient vector estimated in the first step, while z=(1,z 1 ,…,z k ) is the set of variables observed in the main sample. This method can be viewed as a "cold-deck" linear regression imputation. Cold-deck refers to the fact that an external data source (the supplemental sample) is employed to estimate the coefficients used to impute the missing x in the main sample. Klevmarken (1982) proposed this method first.
This estimator is also known as the two-sample two-stage least squares (TS2LS) estimator; it has the same probability limit as the two-sample instrumental variable (2SIV) estimator. As emphasized by Inoue and Solon (2005) , both estimators converge in probability to β, but the TS2LS estimator is more efficient.
7 If the intergenerational equation is correctly specified, and u does not depend on Z, then it is easy to prove that both the OLS estimator β OLS and the TS2SLS estimator β TS2SLS converge in probability to β. We have indeed
where P z is the projection matrix on the space generated by the variables z.
If the fathers' occupational and educational characteristics, z, affect children's earnings indirectly through fathers' earnings, but also directly, then the true intergenerational mobility equation would be 
, β OLS and β TS2SLS have the same probability limit when ) ( x P Var z =Var(x) or, in other words, when the fraction of the variance of x, explained by z (the so called R 2 ) is one,
. This implies that the difference between β OLS and β TS2SLS can be reduced by choosing auxiliary variables z such that their multiple correlation with x is maximized. Under the likely assumption of a positive correlation between x and each variable z j and positive γ j , β OLS is always lower or equal to β TS2SLS , at least asymptotically. This is
This result is just a generalization of the result found in Solon (1992) 
Under the likely assumption of a positive correlation between x and each variable z j and positive γ j , the first addend in the right-hand side is negative while the second addend is positive. If plim (β OLS -β TS2SLS ) is relatively small, then the second addend is likely to dominate the asymptotic bias and ρ TS2SLS will underestimate ρ OLS .
In conclusion, the well-known rule for the choice of the instruments in the instrumental variable estimation based on a single sample applies to the TS2SLS estimation too. The instruments chosen should have the least correlation with the error in the main equation -the intergenerational mobility equation -and maximum multiple correlation with the variable to be instrumented -the fathers' earnings. Choosing instruments with minimum correlation with the error, but with low correlation with the fathers' earnings (or, vice versa, with maximum correlation with the fathers' earnings, but high correlation with the error) does not cancel the potential bias. Consequently, it is very important to check both the correlations between instruments and the error and between instruments and the variable to be instrumented (imputed) to get an idea of the asymptotic bias of the TS2SLS estimator.
The choice of auxiliary variables in papers that estimate the intergenerational elasticity combining two different datasets is usually dictated by the few variables available. Björklund and Jäntti (1997) Lefranc and Trannoy (2005) are the exception as they use eight different levels of education, seven occupational groups, and age. In our case, the possible set of candidates for auxiliary variables is also quite large so that we can try different combinations of the auxiliary variables available.
Description of the Data
The data that we use are from the first thirteen waves of the BHPS collected over the period 1991-2003. 8 Since autumn 1991, the BHPS has annually interviewed a representative sample of about 5,500 households covering more than 10,000 individuals. All adults and children in the first wave are designated as original sample members. On-going representativeness of the nonimmigrant population has been maintained by using a "following rule," which is typical of household panel surveys: at the second and subsequent waves, all original sample members are followed (even if they changed houses or if their households split up).
Personal face-to-face interviews are undertaken at approximately one-year intervals for all adult members of all households containing either an original sample member or an individual born to an original sample member. Individuals are defined as "adults" (and are therefore interviewed) from their sixteenth birthday onwards. The sample remains broadly representative of the population of Britain as it changes over time. The households from the European Community Household Panel subsample (followed since the seventh wave in 1997), those from the Scotland and Wales booster subsamples (added to the BHPS in the ninth wave), and those from the Northern Ireland booster subsample (which started in wave 11) are excluded from our analysis.
From the BHPS, we select three different samples and employ different measures of earnings for sons with the aim of attenuating the measurement error problem inherent in all intergenerational studies. We now describe samples and variables.
Sample Definitions
As explained in Section 4, we combine two separate samples from the BHPS to estimate the intergenerational mobility equation, the main sample and the supplemental sample. The main sample consists of all sons born between 1950 and 1972 who were employed or self-employed, and who reported positive labor income in the latest month in at least one wave of the panel while they were between ages 31 and 45. We also require that sons' fathers were born between 1918 and 1949 and were between 31 and 55 years old when the sons were 14 years old. We observe these sons' labor income (earnings), their age, and their father's occupational characteristics, age, and education, which are reported retrospectively by the sons. This main sample is used throughout our empirical application except in two cases: (1) when we estimate the intergenerational mobility equation suggested by Lee and Solon (2006) , (2) when we try to assess the bias caused by estimating an intergenerational mobility equation without restricting the son's age. In these two cases, the unrestricted sons' age range is 19-53.
The supplemental sample is given instead by all men born between 1930 and 1946, which should be a representative sample for the fathers born between 1918 and 1949 in the main sample. We observe these men at the youngest age possible by selecting the first wave when their earnings, occupational characteristics, age, and education were observed.
Variable Definitions
We consider two alternative measures of earnings for sons and one for fathers. Assuming exogenous selection into the labor market, the first measure used for sons is given by the average log earnings over all waves in the main sample after excluding the cases with missing information because the son does not work. The second measure for sons is given by repeated annual measures of log earnings observed in all available waves between 1991 and 2003. We measure the earnings of fathers by considering the log earnings observed in the first wave available in the supplemental sample.
In our analysis the set of auxiliary variables is given by: 1. The Hope-Goldthorpe score, which is a score of occupational prestige computed according to the technique proposed by Goldthorpe and Hope (1974) . 2. Dichotomous variables ("dummies") for managerial duties (manager, foreman/supervisor, not foreman/supervisor, and self-employed, which is the reference category). 3. Education level dummies (education0 for no qualification or some qualification, education1 for further education qualification, education2 for first degree or higher). 4. Age and age squared.
Those auxiliary variables have been selected from a larger set of possible candidates that includes: 1. The Cambridge scale, which is another score of occupational prestige; see Prandy (1992) for a definition. 2. Dummies for the following socioeconomic groups: large employers, large managers, small employers, small managers, professional self-employed, professional employees, intermediate non-manual workers, intermediate nonmanual foremen, junior non-manual, personal service workers, manual foremen, skilled manual workers, semi-skilled manual workers, unskilled manual workers, own account workers, farmers employers or managers, farmers-own account, agricultural workers, members of armed forces. 3. Dummies to distinguish occupations in professional, managerial, and technical, skilled non-manual, skilled manual, and unskilled.
In Table 1 , we report some descriptive statistics for the variables used for the main sample and the supplemental sample. 
Intergenerational Mobility Estimation Results
As explained in Section 4, we use a two-sample two-stage least squares estimation in which the first step consists of the estimation of the log earnings equation (5) using the supplemental sample. The results of this estimation are then used to predict fathers' earnings in the main sample to estimate the intergenerational mobility equation (4).
In Table 2 , we report the estimation results for the log earnings equation (5) with explanatory variables given by: age and age squared, two dummies for the birth cohort (cohort 1939-1946 and cohort 1931-1938 , which is the reference category), and these two cohort dummies interacted with the log Hope-Goldthorpe score with four dummies for managerial duties (manager, foreman/supervisor, no managerial duties, and self-employed, which is the reference category) and with educational level dummies (the reference category is no qualification or some qualification, education1 is the dummy for further education qualification, and education2 is the dummy for first degree or higher). The returns to education, occupational prestige, and type of managerial duties seem to be lower for the most recent cohort [1939] [1940] [1941] [1942] [1943] [1944] [1945] [1946] . The estimated coefficients of this model are used to predict the log earnings for fathers in the main sample for the estimation of all intergenerational elasticities and correlations reported in what follows. In the next section, we report how intergenerational mobility changes across cohorts by using different types of specifications for the trend. In Section 6.1, we consider a nonlinear trend, while in Section 6.2 we impose a linear trend to compare our results with previous studies, in particular Blanden et al. (2004) . Finally, in Section 6.3, following an approach similar to the one proposed by Lee and Solon (2006) , we allow the intergenerational elasticity to change across sons' cohorts (linearly or nonlinearly) and across sons' age.
Estimation of Intergenerational Mobility by Sons' Cohort Groups
By estimating the intergenerational elasticity separately for a set of consecutive cohort groups, it is possible to observe its profile across cohorts without imposing any specific trend shape. We consider sons aged between 31 and 45 and cohort groups for six years beginning with 1950-1955 and proceed by adding an additional year, 1951-1956, 1952-1957, until 1967-1972 
. As in Mayer and
Lopoo (2005), we plot the estimated intergenerational elasticities for these rolling groups in Figure 1 , where we report on the horizontal axis the initial year for each cohort group. We also plot the upper and lower bands (dotted lines) of the 95 percent confidence interval. Finally, we compute the correlation between sons' and fathers' log earnings for each rolling group, which we plot as a dashed line. All results in Figure 1 are computed by regressing the repeated annual measures of sons' log earnings on the imputed fathers' log earnings.
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The intergenerational elasticity does not seem to change statistically significantly across cohorts, and if any trend exists it does not seem to be linear. When considering the correlation, there seems to be a slightly positive trend from 1950-1955 to 1958-1964 and a slightly negative trend from 1958-1964 to 1967-1972 , but the changes are not statistically significant.
We would like to emphasize that the TS2SLS estimator of the intergenerational elasticity, β TS2SLS , could be under-or overestimated when the auxiliary variables are endogenous, as explained in Section 4. Moreover, since the instruments we use -fathers' educational and occupational characteristics -are likely to be positively related to the sons' earnings even after controlling for fathers' earnings, the bias is probably positive. We test the exogeneity of the instruments separately for each cohort group by checking whether the residual in the intergenerational equation is uncorrelated with the auxiliary variables. At a 1 percent level of significance, we reject the exogeneity assumption in 12 out of 23 cases. Nevertheless, the correlation between each instrument and the residual is never higher than 0.09, and the multiple correlation between the residual and the instruments is never higher than 0.20. Notice that a potential endogeneity problem is likely to affect most of the empirical papers on intergenerational mobility applying 2SIV and TS2SLS estimators, but these papers do not usually test the adequacy of their instrumental variables. In any case, if the bias does not change across cohorts, we can still make inferences on the presence of a trend in intergenerational mobility. To check this assumption, in Appendix B, we consider the restricted sample of sons co-resident with their fathers in at least one wave of the panel. For this restricted sample, it is possible to observe both sons' and fathers' earnings and test whether the potential bias of the TS2SLS changes across cohorts. The results seem to support our conclusion that the bias does not affect the inference on the intergenerational mobility trend. The TS2SLS estimator of the intergenerational correlation, ρ TS2SLS , could also be under-or overestimated. As proven in Section 4, if the instrumental variables do not explain perfectly the fathers' earnings (i.e., ) ( x P Var z ≠Var(x)) and the plim (β OLS -β TS2SLS ) is relatively small, then ρ TS2SLS is underestimated with respect to ρ OLS . This seems to be the case in our sample. In Figure 2 , we report again the profile of the intergenerational elasticity and correlation by rolling cohort groups, but we use averaged log earnings rather than repeated annual log earnings for sons. Averaging the log earnings across waves should reduce the transitory error component. Considering the generalized measurement model for the sons' log earnings introduced by Haider and Solon (2006) 
and taking the average over the waves during which the i-th son is observed, say (d+1) waves from t to (t+d), we obtain
where averages are indicated by an over-line. Notice that the averages for γ t and ε it depend on t and (t+d). Assuming that a generalized measurement error model applies for the father's log earnings too (see equation A5), it is easy to show that the limit in probability of βˆ and ρ (see equations A6 and A7) becomes
and
If γ t does not change much within the subperiod when an individual is observed, then we should not observe major differences when estimating the elasticities using average log earnings instead of yearly log earnings for sons. This seems to be true for all cohorts until 1961-1967, after which there seems to be a more evident positive trend in Figure 2 than in Figure 1 . This change in the results may be due to a less precise estimation because of a reduced sample size when using averages instead of yearly observations. The confidence intervals in Figure 2 are indeed quite large for the most recent cohort groups. The change may also be due to a more rapid change in γ t across age for sons born in the most recent cohorts and observed at a younger age (in their early thirties). Under this assumption, using average log earnings instead of yearly log earnings helps in reducing the possible life-cycle underestimation bias for sons belonging to the most recent cohorts.
Since the error term in (7), ε it , is i.i.d. across individuals and wave,
, then attenuation bias affecting the correlation should be smaller when using average log earnings instead of yearly log earnings for sons. We indeed find an increase in correlations plotted in Figure 2 . In contrast, this type of attenuation bias does not seem to affect the intergenerational elasticity estimation, as we would expect from the theoretical results, see (A6) and (9). The correlation in Figure 2 seems to be still increasing until the cohort 1958-1964, after which it decreases.
Summarizing, we do not find evidence for a trend in intergenerational mobility except for a negative trend for the most recent cohorts (1960) (1961) (1962) (1963) (1964) (1965) (1966) (1967) (1968) (1969) (1970) (1971) (1972) that is in line with results in Blanden et al. (2004) and Blanden et al. (2007) . The confidence intervals for our estimates are quite large so the statistical significance of this trend is doubtful and requires further investigation. For this reason, we will come back to this problem in the next two sections where we test for the presence of linear and nonlinear trends.
Comparison with Previous Findings
The aim of this section is to produce estimates of intergenerational mobility comparable with Dearden et al. (1997) , Blanden et al. (2004) , Blanden et al. (2007) and Ermisch and Francesconi (2004) and to reconcile divergent results on trends in intergenerational mobility found in the last two papers. 10 Dearden et al. (1997) do not study trends in intergenerational mobility but they provide estimates of the intergenerational earnings elasticity for sons born in 1958 in Britain. These are the only estimates of intergenerational mobility in Britain that use earnings to measure socio-economic status for both sons and their fathers and therefore are directly comparable with our estimates. Blanden et al. (2004 Blanden et al. ( , 2007 and Ermisch and Francesconi (2004) consider changes across cohorts in intergenerational mobility. The first considers intergenerational elasticity of sons' earnings with respect to parental income for the 1958 and the 1970 cohorts and finds a negative trend in mobility; while the second considers intergenerational elasticities in occupational prestige (measured by the Hope-Goldthorpe score) for a longer cohort period and finds a positive trend in mobility. Blanden et al. (2004 Blanden et al. ( , 2007 use two British cohort studies (the National Child Development Survey for the 1958 cohort and the British Cohort Survey for the 1970 cohort) that do not provide perfectly comparable data 11 but allow estimation of intergenerational mobility for two cohorts, those born in 1958 and 1970. In contrast, Ermisch and Francesconi (2004) and we use the BHPS, which allows measurement of intergenerational mobility over a longer cohort period, but provides imprecise estimates of intergenerational mobility when considering a single cohort year. To make our results comparable with the estimates provided by the above authors and to test the presence of a linear trend in mobility, we consider two different specifications for the intergenerational equation (1).
The first model is specified as
where cohort is a variable taking the value -8 for sons born in 1950, -7 for sons born in 1951 and so on to 14 for sons born in 1972, and δ is the estimated linear trend coefficient.
12 Note that β represents the intergenerational elasticity in 1958 so that it is comparable with the estimates in Dearden et al. (1997) . We estimate 10 In contrast, Erikson and Goldthorpe (2007) try to reconcile contradictory results found by Blanden et al. (1997) and by Erikson and Jackson (2007) , who consider intergenerational social mobility (see Section 3 in this paper).
11 We refer to Blanden (2005) for details on comparability issues. 12 Since we find quite low values for δ, we divide the cohort variable by 10 and report the estimates for the coefficient δ multiplied by 10.
equation (11) without controls for sons' and fathers' ages and using the main sample without restricting the son's age range, allowing it to vary between 19 and 53. This leads to a negative and statistically significant trend in intergenerational elasticity in both earnings and occupational prestige (Hope-Goldthorpe score), as shown in the second and third columns in the two panels in Table 3 . This negative trend is likely to be spurious because of an underestimation bias for sons observed when too young and to an overestimation bias for sons observed when too old. A similar type of comment applies to the analysis carried out by Ermisch and Francesoni (2004) , who find a negative trend in the intergenerational occupational prestige elasticity when considering sons born around and observed at any age between 20 and 60 during the first 9 waves of the BHPS (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) ).
The second model we consider controls for sons' and fathers' age and allows for shifts in the sons' log earnings associated with fathers' cohort and sons' cohort; it is given by: y= α+ β x + x cohort δ+ age γ 1 +age 2 γ 2 +agef γ 3 +agef 2 γ 4 +cohort1 γ 5 +cohort2 γ 6 + cohortf 1 γ 7 +cohortf 2 γ 8 +u, (12) where age is the son's age, agef is his father's age, cohort1, cohort2 and cohort3 are dummies indicating sons born between 1950 and 1957, between 1958 and 1965 and between 1966 and 1972 (the reference category), cohortf 1, cohortf 2 and cohortf 3 are dummies indicating fathers born between 1918 and 1930, between 1931 and 1938, and between 1939 and 1949 (the reference category). The use of dummies for different son's cohorts and for different father's cohorts allows the intercept, which represents the average difference between the sons' log earnings and their father's log earnings, to change for father-son pairs belonging to different cohorts. Thus, (β+ δ cohort) represents a measure of mobility net of the "structural" mobility that is net of the effect of changes in the mean across cohorts. We use again the main sample but only for sons aged between 31 and 45 and we find an insignificant trend at the 5 percent level in both earnings and occupational prestige, as reported in the penultimate and last columns in the two panels in Table 3 .
Given these results we reject the presence of a linear trend in intergenerational mobility for the period 1950-1972. 13 Note that results on intergenerational mobility in earnings and in occupational prestige are very similar but the elasticity in occupational prestige is slightly lower than the one in earnings (this result is in line with that found in Germany by Ermisch et al. 2006 ). The intergenerational earnings elasticity for the 1958 cohort is 0.323 and its 95 percent confidence interval is (0.199, 0.447). The consensus-result for the earnings elasticity is 0.4 and it lies within the above confidence interval. In line with theoretical expectations, our estimate is higher than OLS estimates using the NCDS. The OLS estimates found by Blanden et al. (2004) and Dearden et al. (2004) are 0.248 and 0.240. 13 In all the above estimations we use repeated observations on yearly log earnings for sons and we correct the standard error estimates to take account of the possible correlation in the errors for the same individuals. We also estimate equations (11) and (12) using average log earnings instead of yearly log earnings for sons. In those cases, the trend is always statistically insignificant.
In an attempt to analyze better the possible presence of a positive trend in the intergenerational elasticity for the most recent cohorts of sons, we estimate equation (12), but restricting the cohort period to 1956-1972 and to 1960-1972, respectively . This further empirical analysis should help in reconciling the positive trend observed from the 1961-1967 cohort group onward in Figure 2 and in Blanden et al. (2004) , which compares sons born in 1958 and 1970. In both cases we find a positive trend (see Table 4 ), but the trend seems to be steeper and more precisely estimated for the period 1960-1972 than for 1958-1972 . Therefore, our results do not contradict the ones found in Blanden et al. (2004) . Nevertheless, the presence of a positive linear trend is not confirmed for the longer cohort period 1950-1972. Table 4 : Intergenerational mobility equations with linear trend for sons ' cohorts 1960-1972 and 1956-1972 
Estimation of Intergenerational Mobility Changing across Sons' Age and Cohorts
In this section, we do not restrict the main sample to sons aged between 31 and 45. We considered instead all sons born between 1950 and 1972 and observed at least once during the first 13 waves of the BHPS, 1991-2003. Therefore, those sons can be observed at any age between 19 and 53. To control for the life-cycle bias arising from measuring sons at different ages, we allow the intergenerational elasticity to change across sons' cohorts and age using an approach similar to the one suggested by Lee and Solon (2006) . More precisely, we estimate the following two equations: (13) is the coefficient for a linear trend, as in the previous section, β j in (14) is the intergenerational elasticity for sons belonging to the cohort group j and 40 years old, and (β j +(t-40)μ 1+ (t-40) 2 μ 2 ) is the intergenerational elasticity for sons belonging to the cohort group j and t years old. Equation (14) allows the intergenerational elasticity for sons at age 40 to vary across six different sons' cohort groups, whereas equation (13) imposes a linear trend. 14 We would like to emphasize that Lee and Solon (2006) consider intergenerational elasticities by year of observation for the sons' outcome, whereas we consider them by cohort. This does not make any difference when the sons' outcome is measured at the same age for all cohorts, but it does when sons from different cohorts are observed at different age periods. To some extent, controlling for age should make elasticities by cohort and by year of observation more comparable, except when there are secular trends in the parameters of the intergenerational mobility equation. In any case, we estimate intergenerational elasticities by cohort to be able to compare our results with previous findings on intergenerational mobility in Britain, which are typically reported by cohort.
In the second and third columns of Tables 5 and 6 , we report the results for equations (13) and (14). As a sensitivity check, in the last two columns, we also report estimates computed using sons aged 31-53 instead of 19-53. Since the estimated coefficients do not change much when excluding sons younger than 31, the Lee and Solon (2006) estimation approach seems to control adequately for the life-cycle bias. In the following, we provide some comments on the results for the main sample of sons who were aged 19-53, but similar remarks would apply to the subsample of sons aged 31-53. The Wald tests for the joint significance of μ 1 and μ 2 in equations (13) and (14) have p-values equal to 0.400 and 0.028, respectively. This suggests that, when a nonlinear trend is considered, the intergenerational elasticity does change significantly across sons' age at a 5 percent level. In Figure 3 , we plot the earnings elasticities by age separately for the cohort groups 1958-1961 and 1970-1972 . The profiles are steeply increasing for young sons and flatten out when sons are in their forties.
The linear trend coefficient, δ, is not statistically significantly different from zero for the cohort period 1950-1972 (see Table 5 ). Looking at the estimation results of equation (14) in Table 6 , the intergenerational elasticity seems to be flat for the cohort period 1950-1965, and then it increases rapidly. These results are very much in line with results in Blanden et al. (2004) and Blanden et al. (2007) . However, the changes are not estimated very precisely. Nevertheless, we are able to reject at a 10 percent level of significance the assumption of equal coefficients between the cohorts 1950-1965 and 1966-1972 . Along with the estimates in Table 4 comparing linear trends for the 1956-1972 and 1960-1972 cohort groups, the results in Table 6 are our preferred estimates, both pointing to a change in trend in the 1960s. In Table 7 , we estimate equation (14) where both sons' log earnings and fathers' log earnings have been standardized by dividing them by their standard deviation computed separately for the 6 sons' cohort groups. This is equivalent to considering correlation instead of elasticity. The correlation coefficient does not change statistically significantly across cohorts (see Table 7 ). Remarkably, the intergenerational elasticities and correlations estimated in Tables 6 and 7 seem to approximately reproduce the same profiles drawn in Figure 2 .
The elasticity estimates for the 1958 cohort in Table 5 and for the 1958-1961 cohort group in Table 6 range from 0.319 to 0.352. These are higher than the OLS estimates found in Dearden et al. (1997) and Blanden et al. (2004) and lower than the instrumental variable estimates found in Dearden et al. (1997) and Grawe (2004) , who consider only education and/or social class dummies as instruments.
Note that OLS estimators are probably affected by an attenuation bias due to measurement error in father's earnings, which are observed at a single point in time. IV and TS2SLS estimators of the intergenerational elasticity are a remedy to the attenuation bias because they replace the father's earnings with a predictor with little or no transitory error component. As a consequence, IV and TS2SLS estimators produce generally higher estimates of the intergenerational elasticity than the OLS estimator. Nevertheless, IV and TS2SLS estimators can produce an overestimation of the true elasticity when the instrumental variables are endogenous, as explained in Section 4. In that case a way to reduce the bias is by choosing instrumental variables that maximize the R 2 in the fathers' log earnings equation. By doing that, we try to reduce the possible bias affecting the TS2SLS, and we find estimates that are lower than the IV estimates reported in other studies.
Conclusions
In this paper, we provide for the first time an analysis of the trend in intergenerational earnings mobility for sons born between 1950 and 1972 in Britain. Since it is impossible to observe earnings for both sons and their fathers covering this period, we use TS2SLS estimation to combine two different samples extracted from the BHPS.
Our results suggest that intergenerational mobility does not change statistically significantly over the period 1950-1960, while it does over the period [1961] [1962] [1963] [1964] [1965] [1966] [1967] [1968] [1969] [1970] [1971] [1972] . More specifically, we find a negative trend in earnings mobility over the period 1961-1972, which is not precisely estimated, but is statistically significant. When testing the presence of a linear trend over the longer period 1950-1972, we reject the presence of a negative trend. In contrast, in the absence of controls for sons' and fathers' age and without restricting the sons' age range, we find a statistically significant positive trend, which should caution applied researchers about potential life-cycle biases causing spurious positive trends.
In conclusion, looking at the intergenerational elasticity, we would suggest that there are no major changes in intergenerational mobility across cohorts from 1950 to 1960, however, there seems to be a negative trend in mobility between 1961 and 1972, in line with the results in Blanden et al. (2004) .
At the outset of the paper, we pointed out that a number of institutions affect intergenerational mobility: the educational system, the labor market, and the family. Policy can, of course, affect all of these institutions and the interactions among them, but in ways that are not usually clear. For example, consider the important role of the family. There is strong evidence that large differences in children's cognitive abilities by parents' socio-economic status (or educational attainment) emerge at early ages and that these cognitive differences cast a long shadow over subsequent achievements in education and earnings (e.g., Feinstein 2002, Cunha and Heckman 2007, including web appendices) . Indeed, cognitive ability appears to be set by the age of 10. Better educational opportunities for more recent cohorts may have improved the expression of these cognitive differences in terms of educational attainments and subsequent earnings, thereby increasing the correlation between father's and son's earnings. This example is only meant to illustrate the possibly complex ways in which different institutions may interact to affect measures of intergenerational mobility. It is, therefore, difficult to speculate on what caused mobility to decline for cohorts born during the 1960s, and we leave to future research a thorough investigation of specific potential causes such as changes in the educational system or in the level of education across cohorts. Haider and Solon (2006) , then the life-cycle bias does not cancel. More generally, life-cycle biases do not cancel when they are due to changes in the variance of the permanent earnings and/or of the transitory earnings along the life cycle as suggested by Jenkins (1987) , Haider and Solon (2006) , and Grawe (2006) . Those authors suggest the following relationship between current and long run permanent earnings, w i :
where the permanent component has mean and variance changing in t, and the transitory earnings component, ε it, may have a variance changing in t or may be autocorrelated. Notice that if γ t is equal to one for all t and ε it is i.i.d. across i and t, then the model (A3) simplifies to the classical measurement error model (A1).
Under the model (A3) the OLS estimator, β OLS , of the intergenerational elasticity using son's log earnings at age t and father's log earnings at age s, y it and x is, instead of long-run permanent log earnings, y i and x i , is inconsistent. Haider and Solon (2006) consider the model (A3) for sons, 
where plim denotes the probability limit and . It is easy to prove that the estimation of the correlation, ρ , by using y it and x is, instead of y i and x i , is also inconsistent. As proved in Hertz (2007) , the estimator ρ converges in probability to ( (A7) Haider and Solon (2006) found that γ t is lower than 1 for people younger than 30, it increases to about 1 at age 32 and it slightly decreases in the late forties. It seems, therefore, that measuring sons' earnings at too young an age (or too old an age) may cause an underestimation (overestimation) of the intergenerational elasticity. They found instead that θ t is always lower than 1, it is about 0.2 at age 19 and it increases to about 0.65 between the late twenties and mid-forties. This implies an underestimation bias for the intergenerational elasticity that is especially evident at very young ages and stabilizes at lower levels between the late twenties and mid-forties.
The question is then: At what age should the current earnings be observed to provide a proper measure of permanent earnings? Given the results in Haider and Solon (2006) and assuming that similar results hold for other countries, 15 in our sample we considered sons aged between 31 and 45 and fathers aged between 31 and 55. We selected a large age range for sons to avoid a drastic sample size reduction. In any case, we also use a second method to correct for the potential life-cycle bias arising from observing sons at different ages. This second method, suggested in Lee and Solon (2006) , consists in estimating the intergenerational mobility equation by allowing β to change by sons' age and cohort, see Section 6 for further details.
Appendix B: Potential Bias of the TS2SLS with Respect to the OLS
As mentioned in Section 4, the two-sample two-stage least squares (TS2SLS) estimation could produce an overestimation of the intergenerational earnings elasticity when the instrumental variables (auxiliary variables used to impute fathers' log earnings) are endogenous and do not perfectly explain the fathers' log earnings. In our empirical application, the instrumental variables used for the imputation explain about 26 percent of the variance of fathers' log earnings. This implies a reduction of the potential endogeneity bias of the TS2SLS estimation of about 26 percent (see equation (6) in Section 4). Nevertheless, we are still left with a potential overestimation of the intergenerational elasticity. More specifically, we are concerned with the fact that our inference on the sign of potential changes in mobility between cohorts could be biased.
In this section we consider the restricted sample of father-son pairs who have been co-resident in at least one wave of the BHPS, and for whom it is possible to observe earnings. To reduce the potential co-residence selection bias, we consider only sons born between 1961 and 1972 (see Francesconi and Nicoletti 2006 for more details on the co-residence selection problem).
Using the restricted sample, we estimate the intergenerational earnings elasticity by OLS and TS2SLS and separately for sons born between 1961-1966 and 1967-1972 . The estimation results are reported in Table 7 . Results on intergenerational elasticities seem to support the presence of a negative trend in mobility between the 1961-1966 and the 1967-1972 sons' cohorts. Those results are in line with the ones found in Table 6 and Figure 2 . The difference between the TS2SLS and the OLS estimates is quite small, about 11 percent. These results cannot be generalized to other countries, however, they seem to support the use of the TS2SLS estimation to compare intergenerational mobility across cohorts in cases where it is impossible to observe earnings of sons and their fathers for long periods.
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